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The Black Box Perspec#ve 

Hsueh et al. Sci. Signal. 2, ra22 (2009).  

Responses to selected 3 way and higher 
combina#ons 

22 ligands / 231 combina#ons / 39 outputs 

Natarajan et al. Nat. Cell Biol. 8, 571 
(2006).  
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A Wiring Diagram 
The Phosphoproteome 

M. P. Coba et al. Neurotransmitters drive combinatorial multistate postsynaptic density 
networks. Sci. Signal. 2, ra19 (2009).  

•  25 Kinases 
•  300 sites / 166 observed 

•  29 sites / kinase 
•  > 2 kinases / site 

•  65% of proteins contain P-sites 
in binding domains 

Following stimulation by a 
single ligand (NMDA) of a 
single receptor (NMDAR) 



Coopera#vity in Phosphoryla#on 

M. P. Coba et al. Neurotransmitters drive combinatorial multistate postsynaptic density 
networks. Sci. Signal. 2, ra19 (2009).  

•  66% of 200 peptides exhibit 
 “priming” 



W. S. Hlavacek, J. R. Faeder, The complexity of cell 
signaling and the need for a new mechanics. Sci. 
Signal. 2, pe46 (2009).  



Toward whole cell modeling 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Key Ques#ons: 
•  What parts of cell machinery are cri#cal to the outcome? 
•  What controls the cell‐to‐cell variability? 
•  Can that variability be u#lized by the organism to promote survival?  

Justin Hogg 
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Approach: 
•  Rule‐based modeling 

o  Phosphoryla#on and site‐specific interac#ons 
•  Compartmental topology of the cell: implicit  explicit  

Justin Hogg 



Mast Cells / IgE Signaling in Host 
Defense 

Wedemeyer et al., 2000 

Virus 



 

Early events in FcεRI signaling 



 

Syk ac#va#on model 

Mol. Immunol.,2002 
J. Immunol., 2003 

Key variables 
•  ligand proper#es 
•  protein expression levels 
•  mul#ple Lyn‐FceRI interac#ons 
•  transphosphoryla#on 



Standard modeling protocol 
1.  Identify components and interactions. 

2.  Determine concentrations and rate constants 

3.  Write and solve model equations. 

� 

˙ x = S ⋅ v(x)



Combinatorial complexity 



Combinatorial complexity 



Addressing combinatorial complexity 

354 species / 3680 reactions 

•  Standard approach – wri#ng equa#ons by hand – won’t work! 
•  New approach 

  Write model by describing interac#ons. 
  Automa#cally generate the equa#ons. 



Rule‐based modeling protocol 
1.  Define components as structured objects and interac#ons as 
rules. 

2.  Determine concentra/ons and rate constants 

3.  Generate and simulate the model. 



Rule‐based modeling protocol 
1.  Define components as structured objects and interac#ons as 
rules. 

2.  Determine concentra/ons and rate constants 

3.  Generate and simulate the model. 

Objects and 
rules  BIONETGEN 

Reac#on 
Network 

ODE Solver 

Stochas#c 
Simulator 
(Gillespie) 

Output 

http://bionetgen.org Faeder, Blinov, and Hlavacek, Methods Mol. Biol. (2009) 



Defining Molecules 

IgE(a,a)

FceRI(a,b~U~P,g2~U~P)

Lyn(U,SH2)

Syk(tSH2,lY~U~P,aY~U~P)


BIONETGEN Language 



Defining Interac#on Rules 

IgE(a,a)+ FceRI(a)<-> IgE(a,a!1).FceRI(a!1)

… 


BIONETGEN Language 

binding and dissocia#on 

Transphosphorylation 

component state change 

Lyn(U!1).FceRI(b!1).FceRI(b~U)-> \

Lyn(U!1).FceRI(b!1).FceRI(b~P)   




Automa#c Network Genera#on 

Seed Species 
(4) 

Reac#on 
Rules (19) 

New 
Reac#ons & 
Species 

FcεRI Model 

Network 

FcεRI 

(IgE)2 Lyn Syk 

Network 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Automa#c Network Genera#on 

Seed Species 
(4) 

Reac#on 
Rules (19) 

FcεRI Model 

FcεRI 

(IgE)2 Lyn Syk 

354 Species 
3680 Reac#ons 

  

� 

Nparameters ∝ (N rules + Nseed species) << N reactions



AIM: Model the biochemical machinery by which cells 
process information (and respond to it). 

Representation Simulation 

Modeling cell signaling 

BIONETGEN Language 
kappa 
etc. 

ODE, PDE 
Stochastic Simulation Algorithm 
Kinetic Monte Carlo 
Brownian dynamics 



Advantages of Formal Representa#ons 

•  Precise interac#on‐based language for 
biochemistry – knowledge representa#on 

•  Concise representa#on of combinatorially 
complex systems 

•  Documenta#on and model readability 

•  Modularity and reusability 

•  Accuracy and rigor 

Hlavacek et al. (2006) Sci. STKE, 2006, re6. 



Related Work 

•  StochSim 
•  Moleculizer 
•  Simmune 
•  κ‐calculus / κ‐factory 
•  ligle b 
•  Stochas#c Simula#on Compiler 
•  meredys 
•  … 



Systems Modeled 
•  IgE Receptor (FcεRI) 

–  Faeder et al. J. Immunol. (2003) 
–  Goldstein et al. Nat. Rev. Immunol. (2004) 
–  Torigoe et al., J. Immunol. (2007) 
–  Nag et al., Biophys. J., (2009) [LAT]  

•  Receptor aggrega#on 
–  Yang et al., Phys. Rev. E (2008) 

•  Growth Factor Receptors, other 
–  Blinov et al. Biosyst. (2006) [EGFR] 
–  Barua et al. Biophys. J. (2006) [Shp2] 
–  Barua et al. J. Biol. Chem. (2008) [PI3K] 
–  Barua et al., PLoS Comp. Biol (2009). [GH / SH2B] 

•  Carbon Fate Maps 
–  Mu et al., BioinformaBcs (2007) 

•  TCR (Lipniacki, J. Theor. Biol., 2008) 
•  TLR4 (An & Faeder, Math. Biosci., 2009) 

See http://bionetgen.org for complete list. 



 

Limits of the network genera#on 
approach 

•  Extending model to include 
Lyn regula#on results in 
>20,000 states. 



Limits of the network genera#on 
approach 

•  Extending model to include 
Lyn regula#on results in 
>20,000 states. 

•  LAT may form large 
oligomers under 
physiological condi#ons. 

Houtman et al., Nat. Struct. Mol. 
Biol. (2006)

Nag et al., Biophys. J. (2009)




Limits of the network genera#on 
approach 

•  Extending model to include 
Lyn regula#on results in 
>20,000 states. 

•  LAT may form large 
oligomers under 
physiological condi#ons. 

•  Many more components are 
s#ll missing. Networks can 
easily reach “Avogadro limit” 



Handling the combinatorial explosion 
•  Model trunca/on 
o  Arbitrary 
o  Loss of accuracy / convergence check 

•  Model reduc/on 
o  Applies when sites act independently 

(mul#plica#ve addi#ve) 
o  Limited by coopera#vity (FcεRI model is not 

reducible) 
o  See Feret et al. PNAS (2009); Conzelmann et al. 

BMC Syst. Biol. (2008); Borisov et al., IET Syst. 
Biol. (2008) 



Automated model reduc#on in 
BioNetGen 

EGFR 

Y1172 

Y1092 

dimerization 
ecto 

EGFR1 

Y1092 

EGFR2 

Y1172 
Network size    
356 species       59 species 
3749 reactions      277 reactions 

Borisov et al., IET Syst. Biol. (2008) 

Macro module 



Automated model reduc#on in 
BioNetGen 

EGFR 

Y1172 

Y1092 

dimerization 
ecto 

EGFR1 

Y1092 

EGFR2 

Y1172 
Network size    
356 species       59 species 
3749 reactions      277 reactions 

Conzlemann, Faeder, and Hogg, unpublished. 

Macro module 

38 

123 



Coopera#vity leads to irreducibility 
FcεRI 

α 

β 

γ2 

Lyn 

Transphosphorylation by Lyn couples sites 

IgE dimer 

P 

1 2 1 2 



Interac#on‐based formula#on of 
chemical kine#cs 

Molecular Dynamics (MD) 

i 

j 

… … 

… … 

Molecule A 

Molecule B 

Dynamics depend on force 
between i and j (Newton) 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Dynamics 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between 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and 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(Gillespie) 



Interac#on‐based formula#on of 
chemical kine#cs 

Molecular Dynamics (MD) Chemical Kinetics 

i 

j 

… … 

… … 

Molecule A 

Molecule B 

P 

Protein A 

Protein B 

i 

j 

Dynamics depend on force 
between i and j (Newton) 

Dynamics depend on reac#on 
propensity between i and j (Gillespie) 

Key point:  Dynamics depend on time-varying quantities that 
may be computed on-the-fly.  Don’t have to enumerate 
possibilities in advance. 



APLAS ’07 (invited paper) 



NFsim 
The Network-Free Stochastic Simulator 

1)  Treat molecules as 
Agents that can be 
connected together. 

2)  Use reaction rules 
to define interactions. 

3) Simulate with an 
Agent-based 
extension to the 
Gillespie Algorithm 

Michael Sneddon 
Thierry Emonet 
Yale University 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

Pointers to possible reactants 
stored on Rule-Reactant lists. 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

As in Gillespie, the 
waiting time to the 
next event is sampled. 

Here, the next RULE is 
chosen stochastically 
(not the next reaction). 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

The molecule Agents 
that will react are 
randomly selected. 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

The molecule Agents 
that will react are 
randomly selected. 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

The molecule Agents 
update themselves 
and “reschedule” 
themselves by 
updating their  
Rule-Reactant Pointers. 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



The Event Scheduler 
An Agent-based Extension to the Gillespie Algorithm 

The system is  
advanced by the 
sampled time. 

Sneddon, Faeder, and Emonet, in preparation. 

25 s-1 

10 s-1 

0.1 s-1 



NFsim Core Simulator Features 

1)  Modular C++ code base and highly efficient 
implementation 

2)  Operates seamlessly with BIONETGEN 

3)  Extended BioNetGen Language handles 
1)  Spatial compartments 
2)  System variables in rate law expressions 

cooperative 
receptor 
interactions MethLevel(x) = 1*R1(x)+2*R2(x)+    



3*R3(x)+4*R4(x)+5*R5(x)+6*R6(x)+

7*R7(x)+8*R8(x)




Integra#on with BIONETGEN 

 



DYNSTOC: An Alternative Network-Free 
Approach Based on Null Event Sampling 

(Morton-Firth and Bray, 1998) 

Bioinformatics 



DYNSTOC Algorithm 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1.  Pick a node (π1) or 
pair of nodes (1-π1) 
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1.  Pick a node (π1) or 
pair of nodes (1-π1) 

2.  Compute reaction 
probabilities (pi) for 
Δt. 
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Algorithm 

B A 

C 

B A 
C 

C 

A 

A 

B 

A 

B A 

B 

A 

1.  Pick a node (π1) or 
pair of nodes (1-π1) 

2.  Compute reaction 
probabilities (pi) for 
Δt. 

3.  Determine if a 
reaction occurs.  

� 

smallest R s.t. pi
i=1

R

∑ ≥ ρ∈(0,1)



DYNSTOC 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2.  Compute reaction 
probabilities (pi) for 
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3.  Determine if a 
reaction occurs. 

4.  If yes, fire reaction; 
otherwise, null 
event. 



DYNSTOC Algorithm 

B A 

C 

B A 
C 

C 
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B 

A 

B A 

B 

A 

1.  Pick a node (π1) or 
pair of nodes (1-π1) 

2.  Compute reaction 
probabilities (pi) for 
Δt. 

3.  Determine if a 
reaction occurs. 

4.  If yes, fire reaction; 
otherwise, null 
event. 

5.  Increment time:  
t = t + Δt 



Trivalent Ligand Bivalent Receptor (TLBR) 
Goldstein and Perelson (1984) 



Trivalent Ligand Bivalent Receptor (TLBR) 
Goldstein and Perelson (1984) 

3000 Receptors, 10,000 Ligands 

sol-gel 



NFsim’s Performance 
Trivalent Ligand, Bivalent Receptor (TLBR) System 

3000 Receptors, 10,000 Ligands 

transition to sol-gel 

Cross-linking parameter 
(β) 



NFsim’s Performance 
Trivalent Ligand, Bivalent Receptor (TLBR) System 

Gillespie:  
2000 hours 

NFsim: 2 hours 

3000 Receptors, 10,000 Ligands 

Cross-linking parameter 
(β) 



NFsim’s Performance 
Comparison to the StochSim / Dynstoc Approach 

1 second 

24 s 

42 s 

57 s 



Performance 

 
Modest increase in cost 
at gel phase boundary 
due to connectivity check 

no check 

Michael Monine 



Performance 

 

no check 

Network size increases 
dramatically, but cost is 
constant 

Yang, Monine, Faeder & Hlavacek, Phys. Rev. E (2008) 



Validation based on comparison 
with Goldstein-Perelson Theory 

 
Monine et al., submitted 



Kinetics of Aggregate 
Formation 

 

At high ligand 
concentration, 
intermediate 
aggregates form 
transiently 

Ligand concentration 

f ge
l 

Equilibrium 

Monine et al., submitted 



Trivalent DNP ligand binding to 
IgE-FcεRI 

 

Flow cytometry data from R. 
Posner (NAU/TGen) for 
fluorescein-labeled trivalent 
DNP ligand.  

Fit model parameters lie 
within gel formation region 

Finding is robust to inclusion 
of steric effects and ring 
formation in model 

Su
rf

ac
e 

flu
or

es
ce

nc
e 

Monine et al., submitted 



Agents at all Scales of Biology 

Cells as Agents 

Organelles as  
Agents 

Molecules 
as Agents 



Cell and Population 
Level Behavior 

Molecular Level 
Interactions 

Goal:  Multiscale  
Agent-based, simulation 

of biological systems,  
building up from the 
stochastic molecular  

level 



Complexity in Chemotaxis Signaling 

Receptor aggregation 
makes simulation difficult 



NFsim 

NFsim 

NFsim 

NFsim can be embedded into 
other higher level agents 



Digital Chemotaxis Experiments 

200 E. coli Cells 
2mm from Capillary 

10mM Attractant 

40 min simulation 





Conclusions 

•  Kine#cs and stoichiometry of complex forma#on can 
have a profound effect in signal transduc#on. 

•  Modeling these effects requires a new approach to 
modeling that addresses the issue of combinatorial 
complexity. 

•  Rule‐based (or interacBon‐based) modeling is such an 
approach. 

•  Network‐free simula#on is a powerful technique that 
circumvents combinatorial complexity. 

•  Network‐free enables simula#on of arbitrarily complex 
intracellular networks and allows embedding in mul#‐
scale models.  



spa#al extensions 

model 
reduc#on 

Hlavacek-Faeder 

Hogg 

Emonet-Faeder-Stevens-An 

RULEBUILDER 

GETBONNIE 

Kappa 

ligle b 

SBML Matlab data/
web 

SIM ONE 
Jentsch 

RULEMONKEY 

DYNSTOC 
Posner-Colvin 

Hu 

Fricke 

RBLEAP 
Harris 

SA/UA 
Param Es#ma#on 

BNG
XML 

generate 
network 

ODE/
SSA 

concentra#ons 

observables 

Hierarchical 
multiscale 

NFSIM 
Sneddon 

BINGE 
Sun 

BIONETGEN Universe (circa Summer, 2009) 



T. W. McKeithan, PNAS, 92, 5042-5046 (1995). 
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ligand 

Modifications 

•  Ligand dissociation rate can determine ligand efficacy 
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Kine#c Proofreading in Sports 

Malcolm Gladwell, Outliers. 

•  Many sports (and education systems) have cutoff dates 
to establish eligibility 
•  Having a birthdate close to the cutoff date confers a 
small but tangible advantage 

1 2 3 4 5 N Year 

Probability 
to make 
the cut 

(pI/pIV)N 

… 



Kine#c Proofreading in Sports 

Malcolm Gladwell, Outliers. 

Born Jan‐Mar 

Born Oct‐Dec 

2.5-4 fold! 
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Evidence for Kine#c Proofreading in 
Mast Cell Responses to Two Ligands 

Torigoe, Inman  & Metzger, Science, 281, 568 (1998) 
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Evidence for Kine#c Proofreading in 
Mast Cell Responses to Two Ligands 

Ligand with shorter dwell 
time gives low Syk 
phosphorylation 

Torigoe, Inman  & Metzger, Science, 281, 568 (1998) 

Input 

Outputs 



Large number of reac#on events 
required for Syk ac#va#on 



Small number of reac#on events 
required for receptor phosphoryla#on 



Rapid fall in efficiency 
of Syk 
phosphorylation  

Goldstein et al. (2004) Nat. Rev. Immunol. 4, 445-456.  

Kine#c proofreading of Syk ac#va#on 
but not receptor phosphoryla#on 

Ligand dissociation rate (“off rate”) Fr
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Bimodal dose‐response curves 

B. Goldstein, in Theoretical Immunology, Part One, Ed. A. S. Perelson 



Bimodal dose‐response curves 

B. Goldstein, in Theoretical Immunology, Part One, Ed. A. S. Perelson 

Syk expression is 
highly variable in 
human basophils 
(5,000‐60,000 copies 
per cell) 

MacGlashan (2007) 



Dose‐response curves for reversibly binding 
ligand 

high Syk 

low Syk 



The mul#valent scaffold effect 

*Syk and scaffold concentrations are equal 

* 



Bimodal response occurs when Syk concentra#on 
below maximal number of aggregated receptors 

Ragg = Syktot 



Growth Hormone / Jak2 Signaling 

Jason Haugh 

Dipak Barua 

NC State University Barua et al., PLoS Comp. Biol. (2009) 



Growth Hormone / Jak2 Signaling 

Ligand binding and 
receptor aggregation 
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Growth Hormone / Jak2 Signaling 

Ligand binding and 
receptor aggregation 

Jak2 recruitment and 
transautophosphorylation 

Stat3/5b phosphorylation, 
dimerization, and 
translocation 



Model of GHR‐Jak2‐SH2‐Bβ 
Interac#ons  

DD 
SH2 

SH2Bβ GHR 

GH 



SH2‐Bβ: An Adaptor that Modulates 
Jak2 Ac#va#on by GHR 

DD 

PH SH2 

Adaptor protein 
SH2Bβ 

allosteric activation 
mechanism heterotetramer mechanism 

Nishi et al. (2005) Mol Cell Biol 25, 
2607-2621.  

Rui et al. (2000) Mol Cell Biol 
20, 3168-3177 



Model of GHR‐Jak2‐SH2‐Bβ 
Interac#ons ‐ Third Mechanism  

DD 
SH2 

SH2Bβ GHR 

GH 

ring formation 
mechanism 



Model of GHR‐Jak2‐SH2‐Bβ 
Interac#ons ‐ Complexity 

DD 
SH2 

SH2Bβ GHR 

GH 

741 Species / 5,033 
Reactions 



Combinatorial Complexity 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Combinatorial Complexity 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Combinatorial Complexity 

Cross-linked GHR dimers 

~U 
~P 2 

~P 

(13)2 dimer (no ring) states 
+ 4 dimer rings states 
= 173 cross-linked dimers 

Jak2 
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Combinatorial Complexity 

Cross-linked GHR dimers 

~U 
~P 2 

~P 

(13)2 dimer (no ring) states 
+ 4 dimer rings states 
= 173 cross-linked dimers 

Jak2 

SH2-B 
DD 

~U 
~P 

~P 
2 

2 

2 
2 

4 

SH2-B 
Jak2 

GHR 

For a more formal analysis, 
see Danos et al., “Abstract 
Interpretation of Cellular 
Signaling Networks”, 2007. 



Model does not support the 
heterotetramer mechanism 

•  Complex is short‐lived and does not reach 
substan#al concentra#on 

•  Observed phosphoryla#on is probably below 
detec#on limit, even when associa#on rate 
increased 

•  Model may be an overes#mate because it 
assumes Y813 is ini#ally phosphorylated in the 
experiment  

X



In Vivo Results: Basic Cellular Model 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In Vivo Results: Basic Cellular Model 

“Clamping” 
Clamping 
maintains 
activation 



In Vivo Results: Basic Cellular Model 

•  Receptor dimeriza#on is not affected 
•  Receptor‐Jak2 tetramer is stabilized 
•  SH2‐B gives about 4‐fold increase in Jak2 ac#va#on  
•  SH2‐B is effec#ve only with intact dimeriza#on domain 



Analysis of Ring Forma#on 

•  Affinity for dimerizaBon can be weak 
•  SH2‐B only modestly affects overall Jak2 recruitment 
•  Complexes with 2 Jak2 are preferen#ally stabilized 
•  Recruitment of more than 2 Jak2 is rare 
•  cross‐linking of receptor complexes is negligible 

1 μM 



Jason Haugh ‘09!



Houtman et al., Nat. Struct. Mol. Biol., 13, 798 (2006)


LAT oligomerization mediated by 
GRB2 and SOS1 
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LAT oligomerization mediated by 
GRB2 and SOS1 



LAT oligomeriza#on model 

Formation of the 2:1 Grb2:Sos1 complex 

Nag, Monine, Faeder, and Goldstein, Biophys. J. (2009) 



Binding and cross‐linking via the 2:1 
complex 

branched 
structure 

Nag, Monine, Faeder, and Goldstein, Biophys. J. (2009) 



Parameters of the model 

Nag, Monine, Faeder, and Goldstein, Biophys. J. (2009) 



Equilibrium theory 

Partition function = sum of aggregate concentrations 

Conservation laws: 



Rules for the kine#c model 



750,000 Grb2 / cell 



Distribu#on of LAT aggregates 



Area of gel phase is sensi#ve to 
Grb2 concentra#on 

Do cells embrace or avoid this phenomenon? 

decreasing 
Grb2 



Experimental observa#on of LAT 
aggrega#on 

Wilson et al., J. Cell Biol. 154, 645 (2001) 



Experimental observa#on of LAT 
aggrega#on 

Wilson et al., J. Cell Biol. 154, 645 (2001) 

Before FcεRI 
cross-linking 

After FcεRI 
cross-linking 



Experimental observa#on of LAT 
aggrega#on 

Wilson et al., J. Cell Biol. 154, 645 (2001) 



Open Problem 

•  Spa#al simula#ons of LAT (and aggrega#on of 
other signaling proteins at the membrane 

•  Possible approaches include 
– Brownian Dynamics simula#ons 
– Layce‐based (stat. mech.) simula#ons 



Sta#s#cal Mechanics Model for 
Receptor Clustering 

Guo and Levine, J. Biol. Phys. 26, 219-234 (2000) 


